Abstract. The purpose of this paper is to model users' cognitive styles based on user web navigation patterns. The main aim is to investigate whether fuzzy clustering technique can group users in particular cognitive styles by means of psychometric test and navigation behavior analysis. Three navigation metrics are utilized to find identifiable groups of users that have similar navigation patterns in relation to their cognitive styles. Index of Learning questionnaire (ILS) is applied to extracting users' cognitive styles. Users' navigation behaviors are analyzed using a reproduced version of a brief introduction webpage of "Suishouji".
Introduction
Although the Internet and the World Wide Web have enhanced access to information, their rapid expansion have caused information overload and orientation difficulties. The process of finding a specific piece of information or a suitable product becomes frustrating and time-consuming for users. One approach to deal with this problem is adaptive web systems [3] . The ultimate objective of these systems is to present different web contents and features regarding each user's requirements according to the user's personalized features.In order to provide users with personalized services and improve user experience, adaptive interactive systems are introduced. Adaptive interactive systems provide an alternative to the "one fits all" approach of static user interfaces by adapting interactive system structure and the presentation of content to users' cognitive styles.
Adaptive interactive systems require user information in order to learn and respond to their interests and needs. Each system independently builds user model. Currently, there are two main streams of user modeling techniques [11] . One is user guided modeling and the other is dynamic user modeling. The first step of user modeling is to cluster different users. Because most of the information in the website is presented in text, video, pictures or images and the user's navigation pattern is broadly divided into linear and nonlinear [11] , this paper studies the relationship between visual/verbal dimension and linear/nonlinear user navigation behavior.
The main objectives of this paper are: 1) study the relationship between users' cognitive styles and navigation behaviors, 2) investigate whether fuzzy clustering can group users of particular cognitive styles using data obtained from psychometric test, and 3) investigate whether the three metrics can group users of similar navigation behaviors.
Literature Review

User modeling technique
User modeling has become a common concern of academy and industry. User model can be created with explicit information, i.e., user guided modeling, and/or implicit information, i.e., dynamic user modeling [11] . These two techniques are discussed in the following sections: (1) User guided modeling, which relies on explicit information that is provided directly by users, typically via the website registry, questionnaires. This technique is reliable and time-saving. The drawback is that sometimes it comes to the privacy of users, and requires a higher degree of involvement; (2) Dynamic user modeling. Implicit information can be acquired automatically by tracking the user web browsing behavior. The advantage of dynamic user modeling is that there is no user involvement, and we can collect user's related behaviors in a webpage without affecting the user. However, with huge data mining information, it is difficult to accurately identify the user needs.
According to Gauch et al. [5] , it is not clear which modeling technique is more accurate, but the implicit information acquisition process does not affect user's interactive process, and it does not increase the cognitive load of users, thus dynamic user modeling technique is relatively more appropriate.
This paper collects user web browsing behavior information of the back-end, and utilizes fuzzy clustering to investigate the relationship between users' cognitive styles and navigation behaviors.
Approaches for user model generation
There are various approaches to generate user models. The simplest approach is using the information collected from the user as-is and remaining unprocessed. The more intelligent approach is using data mining and machine learning techniques to obtain user's browsing behaviors and integrating them in a user model. Nasraoui used clustering technique on user sessions to cluster users in same group based on their similar behaviors and then extract specific user profiles from each cluster [12] . Marios Belk used clustering techniques to divide users into groups containing users with similar navigation behavior [11] . Because traditional clustering techniques have drawbacks over large data sets, most applications use various forms of fuzzy cluster technique. Fuzzy cluster technique aims to minimize the fuzzy version of classical "within groups' sum of squared error objective function" according to the fuzziness exponent by using Picard iterations. The algorithm seeks to partition the data set into a number of clusters on the basis of measured similarities among the vectors. The number of the clusters is a prerequisite for starting the analysis. Once the algorithm generates the segments, it computes the users' similarity to the vectors that summarize each segment, chooses the segment with the strongest similarity and classifies the user accordingly. The abovementioned works focus on using clustering techniques for modeling users. Therefore, this paper utilizes the technique to generate user model.
Cognitive style
Cognitive styles represent the particular set of strengths and preferences that an individual or group of people have in how they take in and process information [11] . Scholars have carried out extensive researches regarding different aspects of cognitive styles and formatted a large number of cognitive style types, such as Witkin's field-independent/field-dependent, Felder and Silverman's Cognitive Styles model, Riding and Cheema's two dimensional model and Kolb's Learning Style model [10, [13] .
According to Antonietti and Giorgetti, cognitive styles can be measured through the behavioral analysis of users, and through analysis of physiological data [1] . Cognitive styles will affect the behaviors of users on the World Wide Web. Marios Belk tried to establish a model between cognitive styles and user navigation patterns [11] . Kinly also investigated the two dimensions of wholist/analyst and verbal/imager to studied the relationship between cognitive styles and user web searching behaviors, and accordingly established a relationship model [9] . The results indicated that user's cognitive styles would affect their search behaviors in a webpage. By analyzing the relation between users' cognitive styles and web searching behaviors, Cao Yaqin studied the impact of e-commerce websites navigation design on users' cognition and performance [2] .
Other researches focus on using cognitive styles to personalize interactive systems. Graf and Kinshuk distinguished users to four dimensions, and proposed a framework for adapting course content [6] . Hsu and Chen investigated how learners' cognitive styles affected their navigation behaviors [8] . Kinley et al. explored the relationship between users' cognitive styles and their web searching behaviors and developed a model that portrayed the relationship [9] .
Taking into consideration the abovementioned studies, the next section presents a user study for eliciting similar groups of users based on their navigation behavior and investigates how these groups may be related to cognitive styles. Since browsing webpage to obtain information is a cognitive process essentially, and generally webpage is presented in text, videos or images, so this paper deals only with the visual/verbal dimension of Felder-Silverman's cognitive styles model.
Felder-Silverman's cognitive styles model places student's cognitive tendencies along discrete scales on four dimensions. To date, Felder-Silverman's cognitive styles model is considered as the most suitable cognitive style theory for application in adaptive systems design and development [7] . Cognitive style values are divided into three groups, i.e. verbal, balanced and imager. The groups are built based on recommendations by Felder and colleagues and with respect to the performed reduction of questions for increasing reliability [4] . Values greater or equal than +5 indicate a preference for one pole, values smaller or equal to -5 indicate a preference for the other pole and values between +3 and -3 indicate a balanced cognitive style.
Method
Sample and procedure
74 participants from two universities were involved in the study. 13 participants were involved in the pilot study. The remaining 61 participants joined the formal study and completed ILS questionnaire. Then they registered and navigated in a reproduced version of a brief introduction webpage of "Suishouji". The survey was anonymous. Each participant took approximately 30 minutes to fill out the questionnaire and completed website navigation.
Instrument and Measurement
Index of learning style questionnaire
Questionnaire and user web behaviors are used to obtain data. In order to identify cognitive styles, particularly the visual/verbal dimension, the Index of Learning Styles questionnaire (ILS) is used [4] . For the purpose of the study, 11 questions related to the visual/verbal dimension are extracted.
User interaction
As shown in Fig.1 , two types of interactions are considered for the analysis: 1) Content Link Interactions-the interactions of users with hyperlinks within the article that is connected with another, and 2) Navigation Menu Interactions-the interactions of users with a navigation menu for each article in which every hyperlink is connected with a particular section in the article.
Methodology for tracking user interactions
In order to track users' interactions, all the hyperlinks (Navigation Menu and Content Hyperlinks) in the article are automatically annotated with a property. Each hyperlink is annotated in the following way: Content Hyperlinks and Navigation Menu hyperlinks are respectively annotated with LinkId x (x = 1, 2… 20) and LinkId y (y = 21, 22...36). Fig.2 and Fig.3 respectively illustrate the annotations.
Definition of user interaction metrics
In order to measure the linearity of user interactions with the hyperlinks, we use the following metrics proposed by Marios Belk [11] : 1) ADL: Absolute Distance of Links (ADL), which indicates the similarity between a fully sequential path and the actual path that was traversed by the user, and is calculated by summing the total absolute distance between the links visited by a user.
2) ASL: Average Sequential Links (ASL), which indicates how many sequential links were visited by the user and is calculated by finding the average number of sequential links visited by a user.
3) AGL: Average non-sequential Groups of Links (AGL), which indicates the number of non-sequential links that were visited by the user and is calculated by the average number of non-sequential. 
where N is the number of total links clicks, M is the sequential (linear) links used based on the Web-site content and B is the non-sequential group of links derived from the links used.
Result
This section presents and analyzes the results obtained from the experimental study. Table 1 summarizes the cognitive-based groups of users based on the data obtained from Felder-Soloman's ILS questionnaire. According to Sabine Graf [14] , users can be divided into three categories.
Furthermore, it is investigated that fuzzy clustering technique can create cognitive-based groups of users based on the data obtained from ILS questionnaire. Based on the clustering using the results of the ILS questionnaire, it can be observed that the users are clustered in three groups whose range of cognitive style is in Table 2 . The figures show that the users are clearly distinguished based on their cognitive profile and that they cover the whole range of the scale suggested by Sabine Graf [14] . Table 2 also presents the results of cognitive-based groups of users based on the data obtained from ILS questionnaire using hierarchical clustering technique. The figures indicate that the result is not in accordance with Table 1 . The next cluster analysis involves visit path analysis of the users' interactions with the system by using the three clustering metrics which measure the linearity of the users' navigation behaviors. The statistics of the actual values for each metric which measure the linearity of the users' content links path in a different manner and as formed in clusters are reported in Table 3 . The figures indicate that the users of the same cluster have similar navigation behavior .Specifically, all three metrics group consistently the users in clusters characterized by linear/non-linear users based on their navigation behavior.
This finding encourages the use of the above metrics for further investigation. The distinct groups of users formed can be used to adapt the design of Web applications to accommodate the needs of each group of users navigated in a Web environment.
The same cluster analysis is performed on the interactions of the users with navigation menu visit. Table 4 suggests that the proposed metrics group users in clusters based on their linear/non-linear navigation behavior. In particular, all three metrics have grouped users that had linear navigation behavior in Cluster 1 and users with non-linear navigation behavior in Cluster 2 based on the Navigation Menu Interactions of users. Table 5 presents the obtained ranges of the users' cognitive-based profiles in each cluster based on the users' interactions with the content links and the navigation menu. We can see that the respective cognitive typologies of users of each cluster are variant indicating that currently, no safe conclusions can be drawn whether cognitive styles of users correlate with the navigation behavior of users. 
In sum, the results reveal that fuzzy clustering can group users of particular cognitive styles using measures obtained from ILS tests and that the user interaction metrics can be used to classify users in distinctive groups based on their navigation behavior. The results also indicate that differences exist in navigation style between users. However, no safe conclusion can be drawn about whether the navigation style can be strongly related to cognitive styles of users. Such an observation suggests that fuzzy rules could be used as an alternative to the existing strict rule-based method for classifying users in a particular cognitive style group. Thus, classification uncertainty of cognitive style driven by human nature dynamicity can be handled.
Conclusion
The main purpose of this paper is to increase our understanding on navigation behavior of users in relation to their cognitive styles by studying their interaction within Web 2.0 environment utilizing fuzzy clustering techniques. Investigating the relationship between cognitive and the navigation pattern followed by each user reveals that users of the same cluster group have variant cognitive styles although they have similar navigation behaviors. This may due to potential weaknesses of the reproduced version of "Suishouji" which needs to be further studied or due to the strict rule-based algorithm applied to the users' cognitive style scores that may not be able to handle the uncertainty of cognitive styles driven by the dynamicity and complexity of human nature.
